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Abstract 
Autonomic nervous system (ANS) activity is altered in autism spectrum disorder (ASD). Heart 
rate variability (HRV) derived from electrocardiogram (ECG) has been a powerful tool to identify 
alterations in ANS due to a plethora of pathophysiological conditions, including psychological 
ones such as depression. ECG-derived HRV thus carries a yet to be explored potential to be 
used as a diagnostic and follow-up biomarker of ASD. However, few studies have explored this 
potential. In a cohort of boys (ages 8–11 years) with (n=18) and without ASD (n=18), we tested 
a set of linear and nonlinear HRV measures, including phase rectified signal averaging (PRSA), 
applied to a segment of ECG collected under resting conditions for their predictive properties of 
ASD. We identified HRV measures derived from time, frequency and geometric signal-analytical 
domains which are changed in ASD children relative to peers without ASD and correlate to 
psychometric scores (p<0.05 for each). Receiver operating curves’ area ranged between 0.71-
0.74 for each HRV measure. Despite being a small cohort lacking external validation, these 
promising preliminary results warrant larger prospective validation studies. 
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Lay summary 
A reliable, widely accessible early detection strategy for autism spectrum disorder (ASD) is 
needed. Electrocardiogram (ECG) is easy to record, accessible even at home, and has shown 
promise as a non-invasive biomarker of an unconscious part of brain activity, the autonomic 
nervous system, that is known be different in children with ASD. ECG allows extraction of 
mathematical indices reflecting such brain activity. Here, we identified ECG indices that 
distinguish children with ASD from their peers without ASD. Such approaches could eventually 
allow for earlier clinical testing and intervention improving health outcomes in affected children. 
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(Introduction) 
Autism spectrum disorder (ASD) is a developmental disability that can cause significant social, 
communication, and behavioral challenges. ASD affects ~1 in 60 children, according to C.D.C. 
estimates (CDC, 2018). Once diagnosed separately, autistic disorder, pervasive developmental 
disorder not otherwise specified (PDD-NOS), and Asperger syndrome are now subsumed within 
ASD, which is observed 4.5 times more frequently in boys than girls and is found across all 
racial, ethnic, and socioeconomic groups. Its societal cost was estimated in 2011 to be ~$40 
billion annually in the U.S. alone. The lifetime per-capita societal cost of autism for an individual 
is $3.2 million, with lost productivity and adult care among the largest contributors.(CDC, 2018; 
Ganz, 2007; Lavelle et al., 2014)  
 
Early and intensive interventions are most effective for improving social, communication, and 
adaptive skills for children with ASD (Dawson et al., 2010), but ASD is rarely diagnosed before 
24 months of life. Currently, the typical ASD diagnosis is made closer to 4 years of age. Thus, 
access to essential early interventions that can improve outcomes for individuals with ASD is 
frequently delayed. Biological indicators have the potential to contribute to reliable, widely 
accessible early diagnostic strategies, with the goal of increasing efficiency of ASD assessment 
and access to appropriate supports. Among these indicators, autonomic nervous system (ANS) 
function, accessible indirectly via heart rate variability (HRV) analysis, can serve as a putative 
early biological marker of ASD, particularly with regard to social difficulties (Faja, Murias, 
Beauchaine, & Dawson, 2013)(Ming, Julu, Brimacombe, Connor, & Daniels, 2005)(Neuhaus, 
Bernier, & Beauchaine, 2014)(Sheinkopf, Neal-Beevers, Levine, Miller-Loncar, & Lester, 
2013)(Vaughan Van Hecke et al., 2009)(Vaughan Van Hecke et al., 2009; Zahn, Rumsey, & 
Van Kammen, 1987). 
 
In the present study, we identify a novel subset of linear and nonlinear HRV measures as 
discriminating ASD children from their peers without ASD. We selected these HRV measures 
based on their potential to predict changes in ANS activity under various physiological 
conditions. 
 
(Methods) 
Procedure 
This study represents a secondary analysis of the HRV data described by Neuhaus, Bernier, 
and Beauchaine (2014), which were originally collected as part of an IRB approved study at the 
University of Washington. After obtaining informed consent and assent, researchers 
administered a standardized IQ assessment, and then collected cardiac data over the course of 
a 5-min resting baseline period. This was followed by additional experimental tasks as detailed 
elsewhere (Neuhaus et al., 2015; 2016). 
 
Participants 
A total of 18 boys with ASD and 18 boys with typical development participated in the study. See 
Table 1 for demographic and descriptive information. All participants were between 8 and 11 
years of age and had fluent language skills by parent-report. Boys with ASD were diagnosed 
according to CPEA criteria (Lainhart et al., 2006), using the Autism Diagnosis Observation 
Schedule [ADOS; (C. Lord, Rutter, DiLavore, & Risi, 1999)] and Autism Diagnostic Interview-
Revised [ADI-R; (Catherine Lord, Rutter, & Le Couteur, 1994)], and met DSM-IV criteria for 
autism, Asperger’s, or PDDNOS. Exclusionary criteria for the typically developing group 
included a total score exceeding 9 on the lifetime version of the Social Communication 
Questionnaire (SCQ; Rutter, Bailey, & Lord, 2003), a T-score exceeding 65 on the Thought 
Problems subscale of the Child Behavior Checklist (CBCL; Achenbach & Edelbrock, 1991), 
family history of ASD, and personal history of seizures, head injury, or psychiatric diagnoses. 
Within the sample, parents reported racial/ethnic background as the following: 5.5% African 
American, 5.5% Asian/Pacific Islander, 66.7% Caucasian, 2.8% Latino, and 19.4% who 
identified as more than one race. 
 
Measures and Tasks 
Social behavior. Parents completed several measures of children’s social functioning. First, the 
Social Problems subscale T-score from the CBCL was computed as a measure of social 
difficulties. Parents also completed the Social Skills Intervention System [SSIS; [Gresham & 
Elliott, 2008], from which the Social Skills standard score was obtained. Finally, parents were 
interviewed with the Vineland Adaptive Behavior Scale, 2nd Edition [Vineland-2;(Sparrow, 
Cicchetti, & Balla, 2005)]. Standard scores from the Socialization domain (which assesses 
interpersonal, play/leisure, and coping skills in everyday life) were obtained.  
 
HRV measures. Electrodes to collect cardiac data were applied in a spot configuration to 
minimize signal disruption while allowing movement (Qu, Zhang, Webster, & Tompkins, 1986). 
Following electrode placement, participants sat quietly in a small chair for 5 minutes in a sound-
attenuated room. An external electrocardiographic (ECG) signal was obtained using a Grass 
Model 15LT Physiodata Amplifier System (West Warwick, RI), sampled at 1 kHz. ECG data 
were collected and digitized using COP-WIN software, version 6.10 (Bio-Impedance 
Technologies, Chapel Hill, NC). Resulting data were processed and scored by the final author 
(E.N.) with consultation from the co-author (T.B.) as necessary. All 36 participants tolerated the 
collection of autonomic data. Data from one participant with ASD were removed from further 
HRV analysis due to signal artifacts. 
 
ECG and R-R times series pre-processing 
RR intervals time series preprocessing is a prerequisite for estimating correct HRV 
features. The R-peaks of the ECG were triggered using software developed by Richard Sloan 
and colleagues at Columbia University [see (Beauchaine, 2001);(Sloan et al., 1994)]. Following 
data collection, RR intervals were inspected for possible artifacts (e.g., missed or spurious 
heartbeats). In this secondary retrospective study we did not have access to the original ECG 
signal due to HIPAA constraints. We assumed that the subjects are free of any kind of 
arrhythmia. Epochs in which the number of apparent artifacts exceeded an a priori cut-off were 
discarded. RR intervals that were longer than 2000 ms (HR slower than 30 bpm) or shorter than 
300 ms (HR faster than 200 bpm) were removed and interpolated. We considered these 
settings appropriate for the resting baseline setting of the recordings. 
 
HRV approach 
Linear and nonlinear HRV measures were computed across several signal-analytical domains 
(Herry et al., 2016): 
- Linear HRV measures in 
- Time domain (Electrophysiology, Task Force of the European Society of 
Cardiology & the North American Society of Pacing, and, 1996):  
- SDNN (the standard deviation of the RR intervals),  
- RMSSD (the square root of the mean of the squares of the successive 
differences between adjacent RR intervals);  
- Frequency domain (Neuhaus, Bernier, & Beauchaine, 2016):  
- LF (low frequency) power and  
- HF (high frequency) power defined as LF, the area (power) in the low 
frequency band (0.04 to 0.15Hz), and 
HF, the area (power) in the high frequency band (0.15 to 0.50Hz); 
- Nonlinear HRV measures in  
- Complexity domain:  
- Sample entropy (Richman, Lake, & Moorman, 2004) and  
- Fuzzy entropy (de Luca & Termini, 1993) 
- Statistical domain:  
- Skewness and asymmetry indices. Asymmetry index was derived as 
skewness/standard error (Doane & Seward, 2011); (“IBM Knowledge Center,” 
n.d.). 
Moment coefficient of skewness, mode skewness and median skewness were 
computed; 
- Geometric domain:  
- Poincaré plots indices SD1 and SD2 were computed as (SD1)2 = (SDSD)2/2 
(SD2)2 = 2(SDNN)2 + (SDSD)2/2 where SDSD is the standard deviation of the 
successive differences between adjacent RR intervals. 
(Khandoker, Karmakar, Brennan, Palaniswami, & Voss, 2013);(Hsu et al., 2012) 
- Recurrence quantification analysis [RQA, (Webber & Marwan, 2014)] was 
computed using the following MATLAB code source (Gaoxiang Ouyang 
Gaoxiang Ouyang, n.d.). Following RQA indices were determined: RR, DET, 
ENTR and L.(Ouyang, Li, Dang, & Richards, 2008; Ouyang, Zhu, Ju, & Liu, 
2014) 
 
Phase-rectified signal averaging method (PRSA) 
PRSA quantifies the mean amplitude of all oscillations of heart rate. The time series of 
RR intervals is a composite output of different autonomic regulations. PRSA is capable of 
extracting periodic components out of non-stationary signals (Bauer, Kantelhardt, Barthel, et al., 
2006; Bauer, Kantelhardt, Bunde, et al., 2006). In brief, PRSA consists of five steps. In the first 
step, intervals are identified which fulfill the so-called anchor point criteria. We only accept 
intervals as anchors which are longer than the preceding interval by no more than 105%. After 
the anchor point detection, segments around each anchor are defined in step two. The 
segments of adjacent anchor may overlap. In the third and fourth steps, segments are aligned at 
the anchors and averaged. The resulting PRSA is quantified by Haar wavelet analysis. 
To identify the optimal filter settings for the anchor point definition, we varied the lower 
and upper filter settings. The lower and upper filter build the range of interval length which are 
accepted as anchors. We varied both filters from 60% to 140% in steps of 2%. For each valid 
combination of lower and upper filter settings, we calculated the PRSA values for all 
measurements. Then we calculated the area under the receiver operating curve (AUC) to 
determine the diagnostic power. We found the maximum AUC of 76 % using a lower filter of 
90% and and an upper filter of 128%. This means we have to combine information about heart 
rate decelerations and accelerations to identify ASD.  
 
Relationship of continuous behavioral scores to HRV measures 
Continuous measures of the behavioral tests ((SSIS standard score, Vineland-2 
Socialization standard score, ADI-R total score, and ADOS calibrated severity score) were 
correlated to the HRV measures. 
 
Statistical approach 
We assumed significant difference in psychometric scores and HRV measure values at 
p value <0.05. Area under the curve (AUC) of the receiver operating curves (ROC) were 
calculated for each HRV parameter differing between the groups to express its potential ability 
to distinguish ASD children from controls. We used best subset regression analysis to identify a 
relationship between HRV measures that differed between the groups and the psychometric 
scores. We report adjusted R square values for this test. 
 
(Results) 
Table 1 reports the clinical characteristics of the cohort (Neuhaus et al., 2016). As previously 
reported (Neuhaus et al., 2014), we found SSIS and VABS differed at 79.8±10.7 and 77.6±17.7 
in children with ASD compared to 101.3±10.8 and 119.3±6.9, respectively, in children without 
ASD (p<0.01). Among children with ASD, ADI-R total score averaged 41.8±8.5 and ADOS 
severity score averaged 7.8±1.6. 
 
Among the HRV measures tested in children with and without ASD, we found SDNN, RMSSD, 
Poincaré plot measures SD1 and SD2, LF and HF power as well as PRSA to differ between the 
groups with ROC AUC ranging between 0.71 and 0.74 (Table 2). 
 
From these HRV measures, using best subset regression analysis we identified subsets of HRV 
measures from time, frequency and geometric domains as correlating best to psychometric 
scores with adjusted R square values ranging between 0.29 and 0.1. We report the detailed 
models in Table 3. 
 
(Discussion) 
While it is known that ASD is characterized by changes in ANS activity, the potential of HRV 
measures as proxies for ANS activity to distinguish ASD has not been studied extensively. Here 
we present a hypothesis-generating retrospective study aimed at discovering novel HRV 
measures useful to detect ANS changes associated with ASD. 
 
The key limitation of the current study is that it represents a retrospective study design with no 
external validation cohort. As a result, we cannot establish in the present study that the HRV 
measures are truly ASD-specific, rather than, for example, also shared among other conditions 
with known disturbance of vagally-driven HR modulations (e.g., children with depression and/or 
conduct disorder). Lastly, being a hypothesis-generating study, we undertook no adjustments 
for multiple comparisons for HRV measures (Rothman, 1990).  
 
Nonetheless, our key findings are: 1) identification of nonlinear HRV measures that differ in 
children with and without ASD at baseline; 2) derivation of a HRV composite index that 
distinguishes children with ASD from controls and now warrants external, prospective validation. 
We speculate that such validation studies will help identify the qualitative and quantitative 
composition of composite HRV measures that is truly specific for certain behavioral correlates 
identifying individuals on the autism spectrum. 
 
Our approach to selecting the HRV measures for the present study was based on a body of 
evidence from the HRV literature that has identified a set of HRV measures across all signal-
analytical domains. These HRV measures have been found in various physiological contexts to 
reflect changes in ANS activity due to inflammation, hypoxia or cardiac intrinsic dynamics 
(Martin G. Frasch, Herry, Niu, & Giussani, 2018; Martin G. Frasch et al., 2009; M. G. Frasch, 
Herry, Niu, & Giussani, 2017; Herry et al., 2016). Many of these HRV measures are not 
commonly tested, because they are not part of the standard HRV software packages. 
 
The best subset regression analysis further suggests a potential of the discovered ASD 
discriminating HRV measures SDNN, RMSSD, Poincaré plot measures SD1 and SD2, LF and 
HF power as well as PRSA to correlate to important behavioral correlates captured by SSIS, 
VABS-2, ADI-R and ADOS inventories. As this approach is refined through prospective studies, 
it is possible that such composite HRV measures can aid in screening and diagnostic efforts 
among children with symptoms of ASD, to facilitate earlier and more efficient evaluation. In 
addition, the approach developed here may contribute to efforts to gauge treatment progress 
among children with ASD in an accessible, noninvasive, and inexpensive manner in both home 
and clinic settings. 
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Tables 
 
Table 1 
 
Means (SDs) of Behavioral Variables by Diagnostic Group 
       
 Control (SD) ASD (SD) F Effect size 
Age, months 120.1 11.1 119.8 13.2 0.01 0 
Full scale IQ 114.8 13.5 108.3 21.4 1.17 0.03 
ADI-R total score -- -- 41.8 8.5 -- -- 
ADOS Calibrated Severity Score -- -- 7.8 1.6 -- -- 
SCQ total score 3 2.3 19.7 5 172.65*** 0.84 
SSIS social skills 101.3 10.8 79.8 10.7 36.13*** 0.52 
CBCL social problems 53.8 4.5 62.6 7.6 17.9*** 0.35 
Vineland-2 socialization 119.3 6.9 77.6 17.7 87.18*** 0.72 
       
Notes. SCQ, Social Communication 
Questionnaire; SSIS, Social Skills       
Improvement System; CBCL, Child Behavior 
Checklist; Vineland–2, Vineland       
Adaptive Behavior Scales, 2nd Edition;       
       
***P<0.001       
 
  
Table 2 
 
Means (SDs) of Heart Rate Variability measures by group          
         Poincare Entropy 
 SDNN (SD) RMSSD (SD) LF power (SD) HF power (SD) SD1 (SD) SD2 (SD) SampEn (SD) FuzzEn (SD) 
Control 0.80 0.07 0.82 0.09 0.59 0.06 0.94 0.08 0.95 0.09 0.16 0.01 5.16 2.41 0.35 0.11 
ASD 0.60 0.06 0.56 0.07 0.40 0.05 0.73 0.06 0.88 0.06 0.14 0.01 7.68 3.63 0.23 0.10 
P value 0.03  0.03  0.04  0.04  0.03  0.05  0.51  0.24  
ROC 0.71  0.73  0.72  0.74  0.73  0.71      
 Asymmetry Index  RQA   
 MC (SD) mode (SD) median (SD) RR (SD) DET (SD) ENTR (SD) L (SD) PRSA (SD) 
Control 0.29 0.08 0.00 0.00 0.01 0.00 0.06 0.01 0.69 0.02 0.95 0.05 3.01 0.12 6.08 1.17 
ASD 0.11 0.09 0.00 0.00 0.00 0.00 0.08 0.02 0.71 0.02 1.03 0.08 3.20 0.23 2.69 0.82 
P value 0.56  0.41  0.13  0.34  0.44  0.40  0.45  0.03  
ROC               0.73  
                 
MC, moment coefficient of skewness             
Mode, mode skewness               
Median, median skewness              
ROC provided for P<0.05               
 
  
Table 3. Best subset regression analyses. 
 
SSIS social 
Model # 7 R squared = 0.377 R squared adj. = 0.294   
Variable Coef. Std. Error t P VIF 
Constant 80.701 6.343 12.723 <0.001 0 
RMSSD 274.788 91.227 3.012 0.005 230.952 < 
SD2 495.514 179.085 2.767 0.01 695.934 < 
HF power -4727.765 4506.029 -1.049 0.302 24.348 < 
SDNN -819.58 294.973 -2.778 0.009 1452.738 < 
      
VABS social      
Model # 5 R squared = 0.272 R squared adj. = 0.201   
Variable Coef. Std. Error t P VIF 
Constant 80.521 10.863 7.412 <0.001 0 
RMSSD 279.845 141.69 1.975 0.057 184.056 < 
SD2 533.785 295.329 1.807 0.08 625.252 < 
SDNN -891.843 495.918 -1.798 0.082 1356.548 < 
      
SCQ score      
Model # 1 R squared = 0.201 R squared adj. = 0.177   
Variable Coef. Std. Error t P VIF 
Constant 19.246 3.145 6.12 <0.001 0 
RMSSD -11.617 4.028 -2.884 0.007 1 
      
ADI score      
Model # 3 R squared = 0.385 R squared adj. = 0.298   
Variable Coef. Std. Error t P VIF 
Constant 53.595 5.229 10.25 <0.001 0 
LF power -7285.179 2565.563 -2.84 0.013 1.738 
PRSA 1.775 0.712 2.492 0.026 1.738 
      
ADOS ss      
Model # 3 R squared = 0.219 R squared adj. = 0.099   
Variable Coef. Std. Error t P VIF 
Constant 8.363 0.933 8.961 <0.001 0 
SD1 -9.069 5.213 -1.74 0.105 8.187 < 
HF power 773.584 570.679 1.356 0.198 8.187 < 
 
